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ABSTRACT

In this paperthe estimationof word posteriorprobabilitiesis dis-
cussedand their applicationin the CU-HTK systemusedin the
March 2000 Hub5 CorversationalTelephoneSpeechevaluationis
described.Theword latticesproducedby the Viterbi decodemere
usedto generateonfusionnetworks, which provide acompactrep-
resentatiorof the mostlikely word hypothesesindtheir associated
word posteriorprobabilities. Theseconfusionnetworks were used
in anumberof post-processingteps.The 1-bestsentencéypothe-
sesextracteddirectly from the networks are shavn to be signifi-
cantly moreaccuratehanthe baselinedecodingresults. The poste-
rior probabilityestimatesvereusedasthebasisfor the estimatiorof
word-level confidencescores A new systemcombinatiortechnique
is presentedhatusesheseconfidencescoresandthe confusionnet-
worksandperformsbetterthanthewell-knovn ROVER technique.

1 INTRODUCTION

Most HMM-based speechrecognition systemsuse the sentence-
level maximum a-posteriori(MAP) criterion to decideamongthe
possibleword sequencéiypothesesThe sentencéevel MAP prob-
ability and associatedvord sequencecan be efficiently found by
usingBayesrule andthe Viterbi assumption.In this approachit is
assumedo be sufficientto consideronly the beststate-l@el pathin-
steadof summingover all alternatve pathscorrespondingo aword
sequence.

Recentlytherehasbeenrenaved interestin alternatvesto the
sentenceMAP criterion. In [10] it was arguedthat this criterion
is only optimal with respectto minimising the sentence error rate,
whereagherealoptimisationaimin ASR developmenis usuallythe
word errorrate. A techniquéor explicitly minimisingtheworderror
ratewaspresentedn [6]. This techniqueusesword-level posterior
probabilitiesandrelieson post-processintheword latticegenerated
by aViterbi decoder

Estimatesf word-level posteriorscanalsobe usedasthe basis
for very accurateconfidencetaggingof the recognitionresult[1].
Previously suchconfidencescoredor the 1-bestword sequencbhave
beenusedto combinethe output of multiple recognitionsystems
usingthe ROVER techniqug2]. In this paper a new approactthat
is a generalisatiorof the ROVER techniques presentedThis nev
approachunlike ROVER, takes alternatve recognitionhypotheses
into account.

The resultsof experimentsusingword posteriorsare presented
in the contet of the CU-HTK systemusedin the March 2000Con-
versationalTelephoneSpeectevaluation.In thefollowing sectiona
brief overview of this systemis given. In section3 anovervien of
word posteriorprobabilitiesandtheir estimationfrom word lattices
is given. Experimentatesultsof the applicationof word posteriors

in animproveddecodingschemearepresentedh sectiond. Thees-
timation of confidencescoresis discussedn section5. Finally the
new systemcombinationschemeusedin the CU-HTK evaluation
systemis presentedn section6.

2 SYSTEM DESCRIPTION

In this sectiona brief overview of the CU-HTK systemusedin the
March 2000 Hub5 evaluationis given (see[4] for details). All the
experimentgeportedarebasedon this system.

The acousticmodelsusedare triphoneand quinphoneHMMs
trainedon datafrom the Switchboardand CallHomecorpora. Two
differenttraining criteriawereused,namelythe conventionalmaxi-
mum likelihoodestimation(MLE) criterion andthe maximummu-
tual information estimation(MMIE) criterion. The resultingfour
model sets (two eachfor triphonesand quinphones)are usedin
different stagesof recognition. Vocal tract length normalisation
(VTLN) wasusedin trainingandtesting. During recognition,max-
imum likelihood linear regression(MLLR) basedspealer/channel
adaptatiorwasperformedanda full-variancetransformapplied.

A 4-gramlanguagemodelwastrainedon the transcriptsof the
acoustictraining dataandadditionalbroadcashews transcriptions.
Theword 4-gramwassmoothedvith aclass-basettigramthatused
automaticallyderivedclasses.

The systemoperatesn a numberof differentstageswvith more
complex modelsbeingappliedin later stages.The first two stages
areonly usedto determinghegenderf thespeakr, selectaVTLN
warp factor and to generatean initial transcriptionfor usein the
MLLR adaptation. In the third stagelatticesare generatedising
the MMIE triphonesand the 4-gramlanguagemodel. Theselat-
ticesarethenindividually rescoredusingthe four differentacous-
tic modelsets(afterapplicationof MLLR anda full-variancetrans-
form), resultingin four latticesfor eachutteranceThelexicon used
for rescoringcontainedpronunciationvariantswith unigramprob-
abilities. The latticesgeneratedy thesefour systemgreferredto
asP4a,P4b,P6aandP5bin [4]) arethe basisfor all experiments
reportedin this paper All experimentswere performedon the test
setsusedin the Septembef 998andMarch 2000Hub5 evaluations
(eval98andeval00, respectiely).

3 WORD POSTERIOR PROBABILITY
ESTIMATION

Word-level posteriorprobabilitiesare the basisfor the techniques
discussedn this paper Estimatesof theseposteriorsare derived
from theacousticandlanguagenodel(LM) likelihoodsof theword
sequencehypothesisetby a Viterbi decoder



3.1 Lattice-based Posterior Estimation

The estimationof word-level posteriorprobabilitiesis basedon the
word latticesgeneratedby acorventionalViterbi decoderTheword

latticesrepresenthemostlik ely partof thesearctspaceor eachut-

teranceand containscoresfor a large numberof competingword

hypotheses.In the latticesusedhere,eachnodecorresponddo a
pointin time andeachlink is labelledwith a word (pronunciation)
hypothesisand the associatedog likelihoodsfrom all the models
used (acoustic,pronunciationand languagemodel). As someof

thesescoregmaydependnthesurroundingontext (e.g.crossword

acoustionodelsor n-gramlanguagemodels)mary of thelinks have

to be duplicated,i.e. thereare multiple links with the sameword

labelandthe samestartandendtimes.

The estimationof word posteriorsis performedin two stages.
First the link posterior probability p({|X’) is estimatedfor each
link I. Theseprobabilitiesare then combinedto form word pos-
teriorsfor the setof links that are consideredo correspondo the
sameword.

Thejoint probability of a lattice pathg (correspondingo word
sequenceaw) andthe acousticobserations X is the productof the
scoresrom thethreemodels:

(@, X) = Pace(X|q)7 pim(w) ppr(qw) )

where~ is the factorthatis usedto scale down the acousticscores
(contraryto normalpracticein Viterbi decodingof scalingthe LM
scoreshecausetherwisethe resultingdistribution would typically
be dominatedby the bestpath. The scalingusedhereresultsin a
much “flatter” posteriordistribution. This form of scalingis also
moreappropriatérom atheoreticabpoint of view sincethemainef-
fect, thatscalingattemptsto compensatéor, is the underestimation
of theacoustidik elihoodsdueto invalid independencassumptions.

For eachlink , the joint probabilitiesof all pathsthroughthe
link (setQ;) aresummedo yield thelink posterior:

EQz p(q, X)
PUIX) = =2 @
This summationcanbe performedefficiently usinga variantof the
forward-backvard algorithmon the lattice.

Thesecondstepin the estimationof word posteriorss thecom-
bination of links that correspondto the sameword in the utter
ance. This decisionis non-trivial and correspondso the problem
discussedn [11] in the context of N-bestlists.

The approachusedin the following experimentsand the final
evaluationsystemis basedon the clusteringprocedureintroduced
in the framawork of “consensualattice post-processingih [6]. An
alternatvetexhniquebasedntime-conditionedvord posterioravas
introducedn [1].

3.2 Confusion Network Generation

The confusionnetwork decodingtechniquerelies on a clustering
procedurehattransformsaword lattice producedby a conventional
Viterbi decodeiinto alineargraph,calleda confusion network. All
pathsthroughthis graphpassthroughall nodesin the sameorder
The links are groupedinto confusion sets and every path contains
exactly onelink from eachsuchset. The clusteringis performedin
two stagesln thefirst stagelinks thatcorrespondo the sameword
andoverlapin time arecombined(i.e. their posteriorsaareaddedand
the graphtopologyis updated). The resultof this stageis a graph
thatcontainsword posteriors.

In the secondstage links correspondingo differentwordsare
clusteredinto confusionsets. Thesesetsrepresentompetinghy-
pothesegorrespondingo the samepartof the utterance The order
of clusterings basednthephoneticsimilarity, thetime overlapand
the posteriorsof the words. The clusteringis constrainedy the or-
derof links encodedn theoriginal latticeandis performeduntil the
lineargraphstructureis achieved. A detaileddescriptiorof theclus-
teringprocedurés givenin [5] andanexampleof sucha confusion
network is shavn in Figurel.

Figurel: ExampleConfusionNetwork

Confusionnetworks offer a very compactrepresentationf the
mostlik ely word hypotheseandwill beusedin theprocessingteps
describedn thefollowing threesections.

4 POSTERIOR PROBABILITY DECODING

The confusionnetworks generatedy the procedureoutlinedin the
previous sectionareusedin a decodingschemeahataimsto find an
improved 1-bestsentencéypothesigcf. [6]).

In a confusionnetwork, eachword hypothesiss labelledwith
its word posteriorprobability i.e. the sumof thelink posteriorghat
werecombinedn the clustering.The sentencéaypothesifound by
picking theword with the highestposteriorfrom eachconfusionset
canbeshowvn to have thelowestexpectedwvord errorrate(according
to the posteriordistribution representech the network).

Theconfusionnetwork decodingechniquevasevaluatedn the
CU-HTK Hub5 evaluationsystemdescribedn section2. For each
of the four systems(triphone/quinphon@and MMIE/MLE) confu-
sionnetworksweregenerate@ndthe hypothesisvith the minimum
expectedword errorratewasfound.

triphones evalog evalo0
WER | WER | SER
Viterbi 385 28.4 | 65.7
MMIE Confnet| 37.1 || 27.2 | 65.8
Viterbi | 39.3 || 26.8 | 654
MLE Confnet| 38.0 | 27.8 | 65.4
quinphones evalog eval00
WER | WER | SER
Viterbi | 37.2 || 27.3 | 66.0
MMIE Confret| 36.0 | 265 | 66.2
e Viterbi | 38.2 || 27.6 | 65.0
Confnet| 37.0 26.9 | 65.4

Tablel: Word Error Rates(WER) andSentencérror Rates(SER)
usingConfusionNetwork andViterbi Decoding

In Tablel1 theword errorratesfor the confusionnetwork decod-
ing techniqugConfnet)arecomparedigainsthebaselinesentence-
level MAP results(Viterbi). Confusionnetwork decodingachievesa



consistentmprovementof morethan1% absoluteover the baseline
andasexpectedhesentencerrorratestaysconstanorincreasess
asideeffect of theminimisationof theword errorrate.

A relevantdetail of thelatticetransformatiorprocedureasused
hereis thatpronunciationvariantsof the sameword (which resultin
multiple links in the word lattice) arerecombined.As a resultthe
word posteriorsestimatedn the first stageof the above procedure
do not just representhe probability of the mostlikely pronuncia-
tion of a word but the sumover all variants. This summationover
variantsis very desirablerom atheoreticalpoint of view but is dif-
ficult toimplementdirectly in a Viterbi decoder Thereforetypically
only the mostlikely variantis taken into account. A modification
to the Viterbi decodingprocedurethat offers a limited version of
this summatiorhasbeensuggestedecentlyin [7], but only variant
hypothese€ndingin the sametime frame are consideredand the
acousticmodelsareconstrainedo ignorecross-vord contexts. The
confusionnetwork framewnork provides a more generalsolutionto
this problem.

5 CONFIDENCE SCORES

As the speechrecogniseris not perfectit is often usefulto anno-
tatethe wordsin the 1-besthypothesisvith a measureof how cer
tain the recogniseiis in its decision. Theseword level confidence
scoreshave mary applicationsin the post-processingf the recog-
niseroutput(e.g.syntacticparsinginformationextraction,etc.). For
exampleall wordswith a confidencescorebelov athresholdcould
be consideredasunreliableanddiscardedIf sucha schemes used
only therelative orderof word hypothesess relevant. In otherappli-
cationsmakinga harddecisionis not appropriateanda confidence
scoreis assumedo be the posteriorprobability thata word is cor
rect. Thereforeit is importantthat the absolutevaluesarein the
correctrange. The metric mostcommonlyemplg/ed to asseghe
accurag of a confidencescoringprocedureds the normalizedcross
entrofy (NCE).

TheNCEis aninformationtheoretianeasuref hov muchaddi-
tional informationthe confidencetagsprovide over thetrivial base-
line caseof settingall scorego the (optimal) constanvaluep. (cor-
respondingto the ratio of correctwordsin the hypothesis:p. =
1.0 — sub— ins, wheresubandins arethe substitutionandinsertion
error probabilitiesrespectiely). An NCE of zeromeansno addi-
tionalinformationis containedn theconfidencescoresandpositive
valuesmeanthey provide useful extra information. See[8] for a
moredetaileddiscussiorof this metric.

The word posteriorprobabilitiesthat resultfrom the confusion
network clustering procedurecan be useddirectly as confidence
scoreshut they tend to overestimatethe probabilities of correct
recognition.Thisis dueto thefactthatthelatticesusedasthe basis
for the posteriorestimationonly represenpart of the posteriordis-
tribution anda significantamountof the probability massis “miss-
ing”. Consistentvith this explanation it wasfoundthatthis effectis
more pronouncedn systemswith highererrorratesandon smaller
lattices. If the systemhasa low overall error ratethenthe models
areableto distinguishrelatively well betweerthecorrecthypothesis
andincorrectalternatves,whereador systemswith high errorrates
the probability massis moreevenly distributedover a large number
of competinghypotheses.

1in this context “correct” refersto the resultof the standard_evenshtein
scoringprocedurej.e. it depend®on the exactalignmentprocedureandthe
context of thereferenceandhypothesisvord sequences.

To compensatéor theover-estimatioreffectwe appliedapiece-
wise linear mappingto the lattice basedposteriorestimateso map
themto confidencescores. This mappingfunction is basedon a
decisiontree(see[1]). An alternatve to this is the useof a neural
network for the mappingassuggesteéh [9].

posteriors +mapping
eval98 | eval00 || eval98 | eval0O
TriphoneMMIE -0.034 | 0.191 || 0.238 | 0.294
TriphoneMLE -0.034 | 0.195 || 0.236 | 0.287
QuinphoneMMIE | -0.132 | 0.135 || 0.224 | 0.284
QuinphoneMLE -0.097 | 0.180 || 0.229 | 0.292

Table2: NCEswith andwithout Mapping

Table 2 givesthe NCEs beforeand after the mapping. It can
be seerthatfor the evalO0testsetthe unmappegosteriorperform
much betterthanfor the eval98 set. This canbe explainedby the
factthatthe systemhashasa muchlower error rate on the eval00
setandthereforethe latticescontaina larger part of the probability
massin the samenumberof paths.

Thenormalisedcrossentropiesachieved usingthe lattice based
estimationclearly outperformothertechniquesThe confidencees-
timationschemausedin the 1998 CU-HTK system[3] reliedon an
N-besthomogeneitypasedneasurandresultedn anNCE of 0.143
ontheeval98set.

Thepiece-wisdinearmappinguseds basednasmalldecision
tree(eightleafnodes).Table3 shavs the averageconfidencescores
andthe optimal constantscorep.. Thetree usedfor this mapping
wastrainedon the eval98 data. It canbe seenthatthe discrepang
betweerthe averageconfidencescoreandp. is biggeronthe(much
easierevalOOdata,whichimpliesthatabetterNCE couldhave been
achieyed by usingmoreappropriatdraining datafor themapping.

Triphones Quinphones
eval98 | eval00 || eval98 | eval00
avg. confidence| 0.722 | 0.763 || 0.729 | 0.763
pc=1.0-sub-ins | 0.750 | 0.809 0.751 | 0.810

Table3: AverageConfidenceScoresafter Mappingfor MMIE Sys-
tems

6 SYSTEM COMBINATION

A techniquahathasbecomevery popularin recentyearsis thecom-
binationof the recognitionoutputof multiple systemsto producea
hypothesighatis moreaccuratehanary of theoriginal systems.

The mostwidely usedtechniqueis basedon the ROVER pro-
gram[2] andusesthe 1-bestword sequencérom the differentsys-
tems. Theseword sequencearealignedusinga dynamicprogram-
ming (DP) proceduresimilar to the oneusedin scoringrecognition
results.Basednthis alignmentadecisionis madeamongthewords
alignedtogether This decisioncaneitherbe basedn a simplevot-
ing schemeor take confidencescorednto account.If simplevoting
is used thenvery frequently“ties” areencountereavherethe same
numberof systemdavouredtwo competingwords. In suchcasesan
arbitrarydecisionhasto be made. If reliable confidencescoresare
availablethis situationis avoidedanda far more accuratedecision
canbemade.

A limitation inherentin ROVER is the restrictionto the 1-best
word sequence the alignmentaswell asthe decisionprocedure.



Thusonly wordshypotheseshatwerechoserby oneof thesystems
canbe picked asthefinal result.

Alternative hypothesesanbetakeninto accountby usingcon-
fusionnetworksinsteadof word stringsin the DP alignmentproce-
dure. Thelocal scoringfunctionusedin ROVER’s DP algorithmto
comparetwo words (simple testfor word equality) is replacedby
a versionthat calculateshe probability of a word matchgiven two
confusionsets. It was found that the useof alternatves andtheir
associategosterioramprovedthe quality of the DP alignmentsig-
nificantly.

Giventhe alignmentof the confusionnetworks a generalisation
of ROVER's decisionprocedureis used. The probability of each
candidatevord in the compositesystemis calculatedasthe sumof
the posteriorsfrom the componentsystems. In this calculationa
weightcanbe associatedvith eachsystemalthoughin practicethis
wasfoundto make only avery smalldifference . Thecandidatevord
with the largestweightedsumof componenposteriords picked as
thefinal systemoutput:

N
i = argmax » _ P(S;)P(w|X, ;) 3)
w =1
The confidencescoreusedfor the final word is just the aver-
ageof the (mapped)posteriorsof the componensystems.Table4
shaws resultsof differentsystemcombinationtechniquesThe four
main systemsusedin the CU-HTK evaluation systemwere used
(MMIE/MLE andtriphone/quinphoneseef4] for details). Thesin-
gle bestsystemwasbasedon the quinphoneMMIE models. It can
be seenthat the useof confidencescoresconsistentlygives better
performancehanthesimplevoting schemeTheconfusionnetwork
combination(CNC) techniquepresentedheregave a afurthersmall
improvementover theuseof ROVER.

eval98 eval00
WER || WER | NCE
singlesystem Quin MMIE 36.0 26.5 | 0.284
2-way Rover conf 35.6 25.7 | 0.267
(MMIE) CNC 35.2 25.6 | 0.278
Rovervote 35.8 25.9
4-way Rover conf 35.4 25,5 | 0.262
CNC 35.0 254 | 0.271

Table4: SystemCombinationResults

The improvement over the single best systemachieved by
ROVER areratherdisappointingespeciallyontheeval98testset. To
investigatetheinteractionbetweerthe confusionnetwork decoding
andthe systemcombinationthe ROVER experimentsvererun on
the word hypotheseproducedby the Viterbi decoderi.e. without
applyingthe confusionnetwork decoding).

eval98 eval00
cn | no-cn cn | no-cn
Quin MMIE 36.0| 36.9 || 26.5| 27.3
4-way ROVER vote | 35.8 | 36.6 || 25.9 | 26.6
4-way ROVER conf | 35.4 | 36.1 || 25.5| 26.2

Table5: Effectof ConfnetDecodingon SystemCombination

The resultsin Table 5 shav that the improvementsdue to
ROVER areconsistentlyslightly biggerfor the casewhereno con-
fusion network decodingwas applied. Neverthelesshe gainsare
almostadditive.

7 CONCLUSIONS

We have discussetheestimationof word posteriomprobabilitiesand
investigatedapplicationsin large vocalulary decoding,the estima-
tion of confidencescoresand systemcombination. A generalisa-
tion of the ROVER techniquewas presentedhat takes alternative
hypothesesand their posteriorprobabilitiesinto account. Experi-
mentalresultswerepresentedbasedonthe CU-HTK corversational
telephonespeectevaluationsystem.
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